In this paper we analyze the performance of an autoregressive MIMO channel predictor on outdoor data collected with both vehicular and pedestrian transmitter motion. The metric of performance considered is aggregate beamforming gain obtained using dominant eigenmode MIMO communications when the transmit beamforming vector is chosen based on the channel prediction. We show that while the prediction range obtained on this real data is somewhat less than earlier published results based on simulated data, we are still able to obtain 2X to 3X greater feedback latency tolerance than without using these predictive techniques.
Receiver-coordinated distributed transmit beamforming allows an adhoc network of transmitters to achieve longer communication ranges.
If it were possible to know the current channel state information at the transmit array, the size of the distributed array could be chosen to achieve arbitrarily long uplink ranges, but unfortunately estimation of the MIMO channel coefficients does not scale with the size of the array. As communications range increases, the per-channel SNR decreases and more integration time must be used during channel sounding to achieve an accurate CSI estimate. This effect is shown in Fig.  2 for a feedback-based system that interleaves incoherent channel sounding slots and coherent uplink beamforming slots. This CSI estimation requirement ultimately limits the communications range that can be achieved using feedbackbased informed transmit techniques in dynamic channel environments [8] [9] [10] . The minimum latency of the CSI feedback is half the channel sounding interval plus the time needed to calculate the CSI from the sounding samples and feed this back over the downlink channel. This minimum latency can easily be greater than the interval over which the channel can be modeled as stationary. In these situations, channel prediction techniques can increase the amount of latency that can be tolerated. Dozens papers have addressed the problem of multipath channel prediction (see [11] for survey). The communications channel is generally modeled as a superposition of paths, each with its own complex amplitude and Doppler frequency which are either constant or change very slowly (Fig. 3 The majority of papers use a sum-of-sinusoids (1) or autoregressive process (2) to model the channel.
(1)
The best SISO channel predictors have an accurate envelope prediction range (time) of λ/V to 1.5 λ/V in rich multipath scattering environments [12] , where λ is the wavelength and V is the vehicle velocity. A CRLB analysis [13] suggests that MIMO channels can be predicted over considerably longer intervals than SISO channels by exploiting the common Doppler shifts of different propagation paths and the spatial structure imposed by the transmit and receive antenna array manifolds. In all collections, the receive antennas mounted on the top of a van (Fig. 4 right) which was stationary throughout the duration of the collection. Three different configurations of the four transmit antennas were used ( In each configuration, independent PN sequences from each of the four transmit antennas and simultaneously sampled from the eight receive antennas. In this collection, a common oscillator was used for the transmitters as well as the receivers and both oscillators were disciplined to GPS, thus the channel dynamics are entirely due to transmitter or environmental motion. The parameters of the collection are summarized in TABLE I. 
B. Channel Estimation
In order to apply channel prediction techniques to the MIMO channels, it was first necessary to estimate these channels from the eight channels of receive samples knowing the four PN sequences transmitted. Each of the 4x8 = 32 SISO channels was modeled as a 20-tap FIR filter and the LMS algorithm was used to adaptively estimate the channel coefficients to minimize the mean square error (Fig. 5 ) . As illustrates, the LMS residual error is low, suggesting that the technique is generating good channel estimates. After processing, the resulting channel coefficients form a fourdimensional dataset indexed by transmitter, receiver, delay tap and time (in 1ms increments). Fig. 7 shows the MIMO channel for three of the four transmitters, all 8 receivers and the middle 14 taps for one particular point in time. Here phase is mapped to hue and magnitude is mapped to intensity. 
C. Channel Prediction
For the purposes of this analysis, we treat each tap of each transmit-receive pair as an independent AR(2) process and fit the coefficients to the evolution of the estimated channel. Let x[n] denote the channel coefficient corresponding to a particular (tap, TX channel, RX channel) triplet, then we model
where ] [n u is assumed to be a white noise process sequence.
Each tap, transmitter, receiver triplet gets its own set of complex AR coefficients. We utilized the Burg method to estimate these coefficients. The Burg method guarantees a stable AR process model.
Once the AR process coefficients for a particular channel are estimated, they can be used to predict the value of the channel in the future. We can rewrite (3) as
Given our assumption on the AR process noise, the MMSE pstep predictor is simply
where x[n] corresponds to the known channel state at time n as generated by the LMS algorithm above. It is natural to compare the performance of this predictor against the "trivial" stationary predictor given by Fig. 8 shows the performance of the AR predictor against the true channel when using 60ms of training and predicting ahead 40ms. 
III. PERFORMANCE

A. Performance Metric
Most previous work on channel prediction has directly characterized the channel tracking accuracy; however this is only indirectly related to communications performance. The motivating application for this work is feedback-based dominant eigenmode MIMO communications, which uses beamforming on transmit and receive to maximize the aggregate SNR of the SISO channel formed. In this context, achieved beamforming is the appropriate performance metric for comparing the performance of a channel prediction scheme. 
and then selecting the receive and transmit beamforming vectors to be the left and right singular vectors corresponding to the largest (dominant) singular value
in which case the maximum beamforming gain of S 11 [n] is achieved.
The true channel matrix is not available at the transmitter primarily because of the feedback latencies discussed above and the transmitter must rely on an estimate ] [ n H of the channel provided by the receiver. This estimate can be obtained using channel prediction techniques. The optimal • All taps rotating clockwise.
• Fairly good prediction performance 
We note, however, that while feedback latency affects the fidelity of the channel estimate available to the transmitter, the receiver knows the current true channel state (up to channel estimation error which we ignore here) and can use this knowledge, along with the transmitters chosen beamforming vector, in selecting its receive beamforming vector. In a whitenoise interference environment, the receive beamforming vector that maximizes beamforming gain is the matched filter
The beamforming loss, relative to omniscient knowledge of the channel can be calculated for a particular channel estimator as These equations generalize to a frequency selective formulation.
B. Evaluation Methodology
Channel prediction performance was computed as follows:
• STEP 1: The AR model discussed above was used to independently predict each component (tap, transmitter, receiver) of the MIMO channel for prediction ranges of 10ms, 30ms, 50ms and 100ms.
• STEP 2: Beamforming gain was computed for (a) the true channel (optimal beamforming), (b) the AR-predicted channal and (c) the trivial channel predictor obtained by assuming a stationary channel. Fig. 10 and Fig. 11 show, respectively, the beamforming performance of the AR(2) channel predictor and the trivial channel predictor at 3 different prediction intervals. The AR(2) predictor clearly out-performs the stationary predictor for vehicular motion. 
C. Beamforming Loss Distributions
Fig . 12 shows the cumulative distribution (over time) of the channel predictors. 
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We use the dashed 95% point to quantify the beamforming loss vs. prediction range for the channel predictors. As defined, the AR(2) predictor offers a channel prediction range of about 0.5 λ/V for a vehicular motion channel and only a 0.1 λ/V prediction range for a channel with pedestrian motion dynamics. In contrast, simulation results from the literature suggest that prediction ranges of 1.0 λ/V to 1.5 λ/V are possible using AR channel predictors. The performance mismatch is likely because the assumption of nearly-constant path amplitudes and Doppler frequency shifts is less applicable to these datasets. Nevertheless, the AR(2) predictor supports 2X (pedestrian) or 3X (vehicular) greater latencies than the trivial predictor.
IV. CONCLUSIONS AND FUTURE WORK
Future work in this area may attempt to incorporate the spatial and delay structures of the MIMO channel into the AR model as suggested in [13] . This approach is challenging because it introduces non-linearities into the channel model.
